Abstract: Sediment samples and hydrographic conditions were studied at 28 stations around Iceland. At these sites, Conductivity−Temperature−Depth (CTD) casts were con− ducted to collect hydrographic data and multicorer casts were conducted to collect data on sediment characteristics including grain size distribution, carbon and nitrogen concentra− tion, and chloroplastic pigment concentration. A total of 14 environmental predictors were used to model sediment characteristics around Iceland on regional scale. Two approaches were used: Multivariate Adaptation Regression Splines (MARS) and randomForest regres− sion models. RandomForest outperformed MARS in predicting grain size distribution. MARS models had a greater tendency to over− and underpredict sediment values in areas outside the environmental envelope defined by the training dataset. We provide first GIS layers on sediment characteristics around Iceland, that can be used as predictors in future models. Although models performed well, more samples, especially from the shelf areas, will be needed to improve the models in future.
Introduction
The description of the marine environment is pivotal for understanding species distributions, and benthic standing stocks and biodiversity patterns. In the absence of light, the deep−sea benthos depends on the input of organic matter produced at the ocean surface, at least in regions where no chemoautotrophic systems, such as hot and cold vents, wood falls and whale falls, are present (e.g. Danovaro et al. 2001) . Other factors structuring benthic biodiversity are water depth, temperature and salinity, dissolved oxygen, topography, distance from the coast and bottom currents (Thistle et al. 1985; Rex et al. 2005 Rex et al. , 2006 Smith et al. 2008) .
Environmental layers are modeled continuous datasets on environmental condi− tions over geographic space. This information is needed to calculate models on spe− cies distributions and model ecosystem functions (biomass, diversity etc) at regional scale. For marine habitats this kind of environmental information is often scarce or only available at global−scale resolution, lacking detail for regional studies.
The marine fauna around Iceland has been studied intensively thanks to the BIOICE project (Benthic Invertebrates of Icelandic waters, 1991 Icelandic waters, -2004 , which fo− cused on studying the benthic invertebrates and their ecology around Iceland (Svavarsson et al. 1993; Weisshappel and Svavarsson 1998; Brix and Svavarsson 2010; Schnurr et al. 2014) .
The IceAGE (Icelandic marine Animals: Genetics and Ecology, since 2011) project, builds on the BIOICE project by adding and combining the modern as− pects of biodiversity research such as phylogeography (population genetics and DNA barcoding) and species distribution models (Meißner et al. 2014 ) with clas− sic taxonomy.
Considering the seas around Iceland continuous environmental layers were only available for a small number of predictors like depth, oxygen, currents, tem− perature and salinity. But GIS layers on sediment characteristics were lacking so far. The aim of this study is to produce first predictive models on sediment charac− teristics around Iceland by analyzing a set of sediment samples taken by ourselves along depth gradients on Icelandic waters. The present study contributes to the IceAGE project by 1) summarizing the environmental data (hydrography, sedi− ment grain size, sediment organic matter) collected during the summers of 2011 and 2013 around Iceland, and 2) predicting the seabed sediments on a larger spatial scale using regression (MARS) and tree−based (randomForest regression) models. The results will be for species diversity and ecological modeling along depth gra− dients and geographical barriers. Supplementary data in the form of grid−files, fig− ures without 300 m, m exclusion, data table are provided in the Pangaea informa− tion system (http://dx.doi.org/10.1594/PANGAEA.831943).
Materials and methods
Study site. -The study area covers the northernmost North Atlantic and the south−western part of the Greenland, Iceland and Norwegian Seas (GIN Seas, Fig.  1 ). The Greenland−Scotland Ridge (GSR) extends from West to East, featuring a mean depth of less than 500m and three deep sills (Fig. 1) . According to several studies on physical oceanography around Iceland, the main deep water masses in the study area are Arctic Water (AW), Polar Water (PW, notable at the surface), Labra− dor Sea Water (LSW), Modified North Atlantic Water (MNAW), Norwegian Sea Arctic Intermediate Water (NSAIW) and Norwegian Sea Deep Water (NSDW) (Stefánsson 1962; Hansen and Østerhus 2000; Malmberg and Valdimarsson 2003) .
West of Iceland, cold and less saline water is transported across the Green− land−Iceland Ridge (GIR) into the Atlantic as Denmark Strait Overflow Water (DSOW, Fig. 1 ), which flows along the Greenlandic coast as the Deep Water Boundary Current (DWBC). The surface East Greenland Current (EGC) trans− ports PW across the ridge (Fig. 1 ). In the east of Iceland cold water is transported across the Iceland−Faroe Ridge (IFR) as Iceland Scotland Overflow Water (ISOW, Fig. 1 ), which flows along the Reykjanes Ridge into the Irminger Basin (Swift 1980; Swift and Aagaard 1981; Swift et al. 1984; Hansen and Østerhus 2000; Pickart et al. 2005; Logemann et al. 2013; Våge et al. 2011 Våge et al. , 2013 .
Due to geostrophic forces, there is a warm water inflow from the Atlantic into the Arctic Ocean. Two surface currents, the North Icelandic Irminger Current Fig. 1 . Overview of the currents and water masses present in the study area (see Swift 1980; Swift and Aagaard 1984; Swift et al. 1984; Hansen and Østerhus 2000; Pickart et al. 2005; Logemann et al. 2013; Våge et al. 2013 (NIIC) and the North Atlantic Current (NAC), transport Modified North Atlantic Water (MNAW) into the Arctic Ocean (Fig. 1) . Sample collection, processing and data analyses. -A total of 28 samples were included in the present study, collected during two IceAGE expeditions. Dur− ing IceAGE1, samples were taken on board of the German R/V Meteor (M85/3) in the Iceland Basin, Irminger Basin, Denmark Strait and Norwegian Sea from Au− gust to September 2011 (Fig. 2, 24 samples) . The IceAGE2 cruise on board the German R/V Poseidon (POS456; August 2013) was located around the IFR (Fig.  2, 4 samples) . A SeaBird CTD (Conductivity Temperature Depth) and a MUC (multicorer) were used to take hydrographic and sediment data, respectively. Sam− ples were taken in depths between 300-3000m from the shelf to the abyss.
Hydrography and sediments. -Hydrographic parameters (temperature, sa− linity and oxygen) of each sampling area were measured during the IceAGE expe− ditions using a CTD. The CTD was handled during both cruises in the same way. The CTD data were processed using SBE Data Processing (Seasoft V2 software suite, 2013; http://www.seabird.com/) and evaluated using Matlab 2012a. Near− bottom measurements (10-20 m above the seafloor) of the stations were allocated to the water masses according to Stefánsson (1962) , Hansen and Østerhus (2000) and Malmberg and Valdimarsson (2003) .
Sediment samples were taken with the MUC. One core of each deployment was used for the analyses. The core was cut into 1 cm slices from top to 5 cm depth. Samples were analyzed for total organic carbon(TOC), nitrogen (N), chlorophyll a and pigment derivates, as well as sediment grain size distribution. However, only the first centimeter was used for the present study.
For the TOC, nitrogen and pigment analyses, sediments were lyophilized and homogenized at 300 rpm for 5 minutes and 160 rpm for 8 minutes. TOC and N were analyzed using 30 mg of the ground sediments (Nieuwenhuize et al. 1994) . Removal of CaCO 3 was done by adding 1N HCl (Cutter and Radford−Knoery 1991) until bubble formation stopped. Then samples were dried over night at 40°C and analyzed with a C/N combuster (FLASH EA1112/Thermo, ICBM, Terramare, Wilhelmshaven).
An amount of 7 ml acetone was added to 5 g of the sediment to dissolve the pigments (e.g. Brown et al. 1981) . After mixing and ultra−sounding, the sample was cooled and kept dark for at least 3 hours, followed by centrifugation. Pigments in the sediments were measured by injecting 250 μl of the supernatant into the HPLC (High Performance Liquid Chromatography) system (LaChrom L−7100, Diode Array Detector L−7450, flow 0.800, 65 minutes, EZ ChromElite software, ICMB Terramare, Wilhelmshaven).
For sediment grain size distribution samples were mixed homogenously. Sedi− ments in grain size classes from 0.4 to 2000 μm were determined with a laser dif− fraction particle size analyzer (Beckman Coulter LS 13320) in the laboratory of MARUM (Center for Marine Environmental Sciences) in Bremen. From the over− all distributions, grain size classes selected for this study are sand (2000-63 μm), silt (63-4 μm) and clay (<4 μm), according to the Udden−Wentworth scale (Wen− tworth 1922) and the classification was used according to Shepard (1954) .
To compare the variation of the environmental data among the sampling sites, multivariate analyses were performed. The dataset was normalized in order to unify the range of the variables. An Analysis of Similarity (ANOSIM) was per− formed using the R© software packages MASS and vegan ( Predictive models. -The second part of this study aimed at predicting the deep−sea sediment characteristics with a set of environmental layers of regional scale. A total of 14 layers were used as predictors (see Meißner et al. 2014 for a detailed de− scription of some layers), including bottom depth (GEBCO_08 layer, 30 arc seconds resolution from www.gebco.net), bottom salinity and temperature including temper− ature maximum and inter−annual temperature range variation (Norwegian Iceland Values of these layers at IceAGE multicore stations were extracted using the point sampling tool of QGIS (version 2.0.1; http://qgis.osgeo.org). A set of 22139 regular points were generated with QGIS for prediction. MARS models (Friedman 1991) were calculated using the "earth" package in R (Milborrow 2014). Interac− tion between predictors was allowed to up to 6 degrees.
In addition to the MARS models, randomForest regression models were calcu− lated using the same predictors. RandomForest (Breiman 2001) is a machine learning technique using bagging to produce an ensemble of decision trees produced by recur− sive partitioning with a random selection of variables and observations each time. The R package randomForest (Liaw and Wiener 2002) with 3000 random trees and 4 ran− dom variables ("mtry" option) was used for generating the models. These were subse− quently used to calculate the values on the prediction dataset described above.
Maps were generated with the Generic Mapping Tools (GMT 5.1.0, SOEST; http://gmt.soest.hawaii.edu/doc/5.1.0/). Interpolation was achieved with the "sur− face" function (continuous curvature surface gridding algorithm) using tension fac− tor 0.5 and gridding space 0.005 degrees. The shallow, coastal areas above 300 m depth were excluded (clipped a posteriori, as grey−shaded areas within the figures), because no data were collected from the shelf areas during the IceAGE cruises. 
Results
The results of this study are divided into two parts. First, the environmental con− ditions during the sample collection are presented. The second part of the results fo− cuses on the MARS and randomForest predictive modeling approaches performed on the sediment grain sizes, organic material, chlorophyll a and pigment derivates.
Hydrographic and sediment conditions during the IceAGE expeditions. -The multivariate analysis performed on the sediment and hydrographic data show significant differences between the North and the South (p = 0.001, R = 0.81544, Fig. 3A ), the five regions (p = 0.001 and R = 0.8253, Fig. 3B ) and the depth gradients (p = 0.001, R = 0.4981, Fig. 3C ). In the northeastern Norwegian Sea, where the bot− tom temperature and salinity (T: <−0.5°C, S: 34.91) are identified as NSDW (Table  1) , the sediments are classified as clayey silt (~60-70% silt, Fig. 4 , Table 2 ). The TOC (excluding station #1215) content in that region increases from 1.01% at the shelf to 5.26% in the deep sea, whereas the nitrogen and chlorophyll a content in the Table 1 Hydrographic data at the seafloor sampling sites. Water masses are allocated according to Stefánsson (1962) , Hansen and Østerhus (2000) and Malmberg and Valdimarsson (2003 sediments decrease from 0.06-0.12% and 0-0.39 μg/g, respectively, with increasing depth and distance from the coast (Table 2) . Stations situated at the IFR and station #1215 are, in contrast to the Norwegian Sea, characterized by comparatively warmer bottom temperatures and higher bottom salinities (T: −0.6-1.33°C, S: 34.90-34.95) and are an indication for NSAIW as the main water mass (Table 1) . The sediments are classified as sandy and sandy silt (Fig. 4) . Here, sediments, which are represented 158 Alexandra Ostmann et al. by a maximum of 50% sand, have higher TOC (>1.2%), nitrogen (>0.15%), and chlorophyll a (> 0.17 μg/g, Table 2 ) concentrations, compared to sediments with more than 50% sand (chlorophyll a: 0-0.05%, nitrogen: 0.06-0.08%, TOC: 0.46-0.65%, Table 2 ). However, the station closest to the Icelandic coast is characterized by higher TOC, nitrogen and chlorophyll a contents (1.08%, 0.13% and 0.42%, re− spectively) and 50% sand in the sediments ( Table 2) . The northernmost and deepest stations in the Denmark Strait (#1139, #1140) are characterized by bottom temperatures of −0.67°C and a bottom salinity of 34.91, which indicates NSDW as the dominant water mass (Table 1) . This is where the silty sediments (Fig. 4, Table 2 ) contain the highest amount of TOC and nitro− gen (TOC:~0.83%, N: 0.09%) and intermediate chlorophyll a (0.04-0.05 μg/g). The shallowest stations in the Denmark Strait (#1127, #1128) show more than 50% silt with TOC and nitrogen above 0.5% and 0.05%, respectively. Here, chlo− rophyll a was the lowest (0.01 μg/g). The sediments between Greenland and Ice− land closest to the Greenland Iceland Ridge (#1114, #1115, Table 2 ), have lowest nitrogen and TOC, but highest chlorophyll a values (Table 2 ). In comparison to the northernmost stations the stations between Greenland and Iceland show a compar− atively higher bottom temperature. This area is mainly influenced by AW and PW, with slightly decreasing salinity towards the Greenlandic coast (Table 1) .
The Irminger Basin is mainly influenced by two water masses. According to lower bottom salinity and temperature, the deep−sea sediments in the Irminger Ba− sin are characterized by LSW (T:~3°C, S: 34.94, Table 1), while the higher bottom temperature and salinity of stations closer to the GSR and Reykjanes Ridge indi− cate a mixture of LSW and MNAW. The sediments show a wide grain size distri− bution from sandy to silty sand (Fig. 4) and show a high amount of TOC (2.53-5.92%), but low nitrogen (0.02-0.05%). Chlorophyll a and the pigment derivates decrease with increasing depth from 0.04-0 μg/g and 0.05-0 μg/g, re− spectively. The C/N ratios vary among the study sites (Table 2) . While in the Irminger Basin and one station in the Norwegian Sea the C/N ratio was high (Table  1, 94.4-273 and 87.67) , the maximum ratio at the other stations was 32.75. Bottom oxygen was generally higher in the North compared to the South (Table 1) .
Predictive models. -The models were generated based on 14 predictors and 28 sampled stations. The predictions extend over the whole Icelandic region .
RandomForest predictions are shown in Figs 5-8A, C, (E). Table 3 shows the prediction accuracy measures for the models. Mean squared residuals and percent− age of variation explained are provided by the randomForest implementation in R of Liaw and Wiener (2002) (Table 3) . As a more intuitive measure of prediction 160 Alexandra Ostmann et al. Table 2 Sediment data at the sampling sites. The multicore number refers to the stations illustrated in Table 1 . The grain size distribution follows the Udden−Wentworth Scale (Wentworth 1922 accuracy we calculated the Pearson product moment correlation coefficient r, which was significant at p <0.001 for all models. Correlation between observed and predicted variables is high, ranging from 0.83 to 0.94 and is best for grain size classes, nitrogen and C/N ( Table 3 ). The percentage of explained variance is ex− pressed as adjusted R−squared of a linear regression between observed and pre− dicted values (Table 3) .Adjusted RSquared values range from 68% (TOC) to 88% (sand). All regression models were significant at p <0.001.
Figs 9-11 display details of the resulting MARS models. On the left column, a model selection plot shows how the coefficient of determination R−squared in− creased with additional number of terms used (blue dashed line). On the same plot it is shown how the Generalized R−squared behaves with increasing number of terms (black line). Normally a unimodal distribution is expected and the number of terms corresponding to the mode is used for the final pruned model (dotted vertical line). The middle column plot shows the cumulative distribution of the absolute re− sidual values (the absolute difference between observed and predicted values) con− tributes cumulatively to the total unexplained variation. So for instance, from the graph in Fig. 9A (middle column) we can infer that of the absolute residuals of the model predicting percentage of sand are 8 or less in 90% of the observations. This means that the absolute error in 90% or the cases is up to maximal 8%. The right column shows the distribution of residuals for each model. See also Milborrow (2014) for details on how to interpret these graphs.
MARS model predictions are shown in Figs 5-8B, D, (F). Table 4 summarizes which predictors were finally used in MARS models for each variable and displays R−square (RSq) and Generalized R−squared (GRSq) values. While RSq informs about the variation explained by the model using all predictors and up to 6−fold inter− action between them, GRSq informs about the variation explained by the pruned model which was finally used for prediction. In case of percentage of sand, we see that MARS model could explain up to 97% of the variance using all terms, but it ex− Table 3 Prediction accuracy of random Forest models, showing randomForest mean squared resid− uals and explained variation, and Pearson's product moment correlation coefficient and ad− justed R−squared of the linear relationship between predicted and observed data in the training dataset. All r and R−squared (RSq) plains only 83% of the variance with the final pruned model (see discussion). Relative grain size composition, total organic carbon and C/N ratio were predicted relatively well by MARS, having relatively high GRSq values (0.54-0.9). On the contrary ni− trogen, chlorophyll a and pigment derivates display GRSq values lower than 0.25. The modeling results show that coarse sediments are restricted to the areas near the Reykjanes Ridge, the Irminger Basin as well as the GIR and IFR (Fig. 5A-B) , 162 Alexandra Ostmann et al.
Fig. 5. RandomForest (A, C, E) and MARS (B, D, F) prediction of % sand (A-B); % silt (C-D);
% clay (E-F). The legend shows the scale used for the images.
whereas the north is represented by finer sediments, comprising a high amount of clay and silt ( Fig. 5C-F) . The deep Norwegian Sea and the north−western Denmark Strait showed highest silt contents of the sediments (up to 60% in randomForest,~30% in MARS models, Fig. 5C-D) . Compared to the Faroe Bank Channel and the Irminger Basin, the deep Iceland Basin is characterized by fine sediments (Fig. 5A-C) . The percentage of sand, silt and clay were modeled independently from each other by both MARS and randomForest. Thus, the values of the three grain size classes should add up to 100 if the models predict accurately. Table 5 shows the summary statistics of the sum of predicted percentage of sand, silt and clay on the 22139 locations used for prediction for MARS and randomForest. Both model− ing approaches display a median close to 100. Standard deviation is small in randomForest (1.47) but very high in MARS (1623.3). RandomForest displays a mean value of 100, but the mean value of MARS is highly biased (280.57) due to very high maximum values. Finally the residuals plotted in geographic space in Fig. 6A -B (note that the range −1 to +1 are white in these plots) show that virtu− ally the whole area is over− (sum of three grain size classes above 100%) or un− derestimated (sum of the three grain size classes below 0%) in MARS model, but large geographic areas (white areas) in the randomForest model show a deviation of less than 1% from expected values. Remarkably the deep−sea areas North of Iceland are slightly overestimated in randomForest while they are underesti− mated in MARS. Typical range of variation is depicted in the histograms in Fig.  6C -D, being in the range of 96-105 in randomForest, but 60-140 in MARS. The generated models for TOC, nitrogen and C/N ratio show differences be− tween the studied areas (Fig. 7) . The predicted TOC content varies between 0 and 6%, with even negative values predicted by the MARS model (black color in Fig.  7B ). The lowest content is found along the GSR (~1.5% randomForest and~1% in MARS models, Fig. 7A-B) and slightly higher values for TOC on the Reykjanes Ridge (Fig. 7A-B) . The highest TOC content is predicted in the Ice− land Basin, Irminger Basin and Norwegian Sea (TOC >1.5% in both models). The randomForest model predicts high values of nitrogen in the coastal areas, north of the GSR (N >0.08%), whereas the MARS model shows a prediction less than 0% at the shallow stations (black color in the figures). In both models the 164 Alexandra Ostmann et al. shelf areas (ridge and coast) differ from the deeper basins. RandomForest and MARS models predict higher C/N ratio in the Irminger Basin and the Iceland Ba− sin (90-160 in random Forest and even higher in MARS (Fig. 7E-F) . A smaller C/N ratio is predicted north of the GSR and the GSR (Fig. 7E-F) . The randomForest predictions on the pigments show that there is a high chlo− rophyll a and pigment derivative concentration present at the IFR, GIR, Reykja− nes Ridge and in the eastern parts of the Norwegian Sea (0.12-0.3 μg/g, Fig. 8A ). On the contrary, MARS predicts no pigments along the GSR and the Reykjanes Ridge (black color). Both models predict high chlorophyll a in the deep Norwe− gian Sea (Fig. 8A-B ) but lower chlorophyll a in the southern Iceland Basin. In the randomForest model, chlorophyll a and pigment derivates appear to be al− most similar (Fig. 8A, C) , which differs in the MARS model approach. Here, the pigment derivates are predicted with a smaller variation west and east of the Reykjanes Ridge (0.07-0.3 μg/g versus 0.01-0.3 μg/g) and higher values in the South compared to the North (Fig. 8B, D) .
Discussion
During the last decades, a number of studies have improved our knowledge of the deep−sea currents and water masses around Iceland (Hansen and Østerhus 2000; Pickart et al. 2005; Våge et al. 2011 Våge et al. , 2013 . Technologies like Acoustic Doppler Current Profilers (ADCPs) (Jochumsen et al. 2012; Våge et al. 2013) were used for 166 Alexandra Ostmann et al. detailed description of current velocities (for water mass formation and detailed de− scriptions of its transport see Swift 1980; Swift and Aagaard 1984; Swift et al. 1984; Hansen and Østerhus 2000; Pickard et al. 2005; Våge et al. 2011 Våge et al. , 2013 . For the present study data were collected with CTD and MUC to analyze the conditions present at the time of sample collection and to predict the sediment grain sizes and organic matter in the study area for future studies on the deep−sea ecology, including species distribution, diversity and abundance. The amount of total organic carbon in the deep sea varies geographically, and is described by Table 2 ). The coarse sediments (more than 30% sand, Table 2 ) and high TOC (Table 2 ) in the Irminger Basin are a result of two strong bottom currents (~1 ms −1 ), which transport the cold Arctic Water from the North across the ridge into the Atlantic Ocean (Jochumsen et al. 2005; Våge et al. 2011 Våge et al. , 2013 . The DSOW (Fig. 1) the bottom with a velocity of about 1 ms −1 . The DSOW and the ISOW (~1 ms −1 ) from the east, which flows along the Icelandic coast and the Reykjanes Ridge and then north again into the Irminger Basin, explain the coarse sediments and the low nitrogen amount present in the Irminger Basin. Compared to that, the TOC is found to be high in that region, which can be explained by the high amount of foraminifera shells in the sediments (personal observation). The correlation of high numbers of foraminiferans (Cibicides lobatulus (Walker et Jacob, 1798) ) with coarse sediments is also described from areas south of Kolbeinsey Ridge, where strong bottom currents occur (Lackschewitz and Wallrabe−Adams 1991). A study east of Greenland supports the present results. Johnson et al. (1975) found coarse sediments related to high turbidity currents between Cape Farewell and the Denmark Strait. However, Sommerhoff (1973) described silty and clayey sedi− ments south of Greenland near the coast, where the effect of the outflow is lower. The Denmark Strait itself consists of silty sediments. The influence of the less strong EGC (0.25 ms −1 ), a surface current that can reach down to about 200-300 m (Fischer, pers. comm.), can explain the coarser sediments and the less saline water at the station closest to the Greenland coast and are also described in a study near the Greenland coast in the northern Denmark Strait (Thies and Thiede 2004) . The deep Norwegian Sea is characterized by silty sediments with decreasing chlorophyll a and nitrogen but increasing TOC from the shallow coast to the deeper areas. Small grain sizes are also described in the northern Norwegian Sea (Pittenger et al. 1989; Kassens and Sarnthein 1989) and can be related to the ab− sence of strong bottom currents in that area (Fig. 12) . The decrease of TOC, nitro− gen and chlorophyll a from the coast to the deep sea, which is observed in some re− gions, was already described in previous studies (Thistle et al. 1985; Wakeham et al. 1997; Gooday 2001; Rex et al. 2005 Rex et al. , 2006 Smith et al. 2008) and explained by the uptake and degradation through the water column and the distance from the coast.
Towards the IFR the presence of the ISOW, which flows at~1ms −1 across the IFR (Fig. 1) , change the conditions in comparison to those found in the Norwegian Sea (ANOSIM, Fig. 3 ). Sediments along ridges are generally poorly sorted (Horo− witz 1974; Ludwig et al. 1976; Lackschewitz and Wallrabe−Adams 1991; Talwani and Udintsev 2004) . Down to 1000 m depth there is a lot of variation in the grain sizes, while stations below 1,000 meters feature a high amount of silt but less sand (Ludwig et al. 1976; Thies and Thiede 2004) . Moreover, it was observed that sedi− ments are influenced by hydrodynamic processes with finer sediments being more easily swept out (Lackschewitz and Wallrabe−Adams 1991). This supports the present results with silty sediments at the deepest stations and coarse sediments at the shallow stations (Fig. 12) and can be related to the ISOW, which flows across the IFR, sweeping out the smaller sediments from the ridge.
The hydrodynamic processes in the Iceland Basin were described by Bianchi and McCave (2000) , who studied the Björn and Gardar Drifts south of Iceland. The fine sediments found at the drifts are related to the outflow of the ISOW from the IFR into the North Atlantic (see Bianchi and McCave 2000) . There the ISOW fol− lows the topography, before it flows south along the Reykjanes Ridge. Sediments, which are winnowed out by the ISOW are settling down in the deeper part of the Ice− land Basin (e.g. as formation of Björn and Gardar Drifts), whereas the coast mainly comprises coarse sediments, due to the strong bottom current (Fig. 12) .
In the present study, the related C/N ratios varied from 7 to 273 (Table 2) . Sedi− ments with a ratio between 7 and 8 derive from marine sediments (e.g. Müller 1977; Stein et al. 1994) , whereas C/N ratio higher than 15, as found e.g. in the Irminger Basin, indicate an input of terrigenous material (e.g. Johnson et al. 1975; Hedges et al. 1986; Stein et al. 1994) . Another study separated the higher C/N ratio into regions up to 1000 m (C/N = 10) and regions of 1500 m depth (C/N = 15) (Müller 1977) and support the present results in the deep Norwegian Sea and the Irminger Basin (Table 2) . At the west coast of the US, Keil et al. (1994) described high C/N ratio in areas with coarse sediments, but a low C/N ratio in sediments with smaller grain sizes, which supports our results.
The hydrodynamic conditions explain the sediment distribution and the organic materials found in the sediments. Regional differences of the sediments among the study sites are explained by the turbidite and contourite variability (Haskell and Johnson 1993; Brandes 2011) , water depth and the distance from the coast (Thistle et al. 1985; Rex et al. 2005 Rex et al. , 2006 Smith et al. 2008) . Turbidites are fine sediments, derived from turbidity currents and are found in the Norwegian Sea. In contrast, contourite sediments, which are found south of the GSR in the shallow Iceland Basin and the Irminger Basin, show a high influence of bottom current activity.
The hydrodynamic conditions explain the sediment distribution and the or− ganic materials present in the sediments. Studies focusing on the benthic commu− nity structure and abundance revealed that temperature, salinity and sediment grain sizes are among the most important factors in shaping communities (e.g. Rex et al. 2005; Brix and Svavarsson 2010) . Hence, changes of the environmental con− ditions around Iceland will likely result in changes within the whole ecosystem.
RandomForest versus MARS models. -According to the percentage of variation explained by the model (Table 3) , randomForest performed apparently bad in regression mode at first glance (but see below). The values are however comparable to other studies (e.g. Bachmair and Weiler 2012) . The variation ex− plained for grain size (sand, clay, silt) was best with 44-64% (Table 3) still poorly understood. Furthermore, it is specifically misleading if terms are as− sumed to be equivalent to linear regression (Grömping 2009), but see Biau (2012) for an evaluation of its mathematical properties. While negative values in ex− plained variance are not defined in linear regression, they can happen as negative explained variation in randomForest. In the randomForest implementation of Liaw and Wiener (2002) used here, it is computed on the (mean) Out Of Box error esti− mate (OOB) using the formula 1−MSE(OOB)/ var(y). MSE(OOB) is a method for variation explanation computed as a mean sum of errors of the model prediction on the portion of the data that were randomly ex− cluded to build the model (OOB) across all calculated random trees. Therefore, negative values of variation explanation occur when the mean error is larger than the variance of the response variable. Intuitively low or negative values should be interpreted as low performance of the predictors used. However, comparison of observed versus predicted values using Pearson's correlation coefficient and linear regression show a better picture. All randomForest models show significant high correlation between the predicted variables and the observed variables used for training (Table 3) . Furthermore, adjusted RSq shows that the percentage of vari− ance explained by the models is high (68-88%).
MARS models performed relatively well with the training dataset (Figs 5-8B, D, E). RSq values range from 0.47 (Derivate pigments) to 0.97 (sand), with values of sand, clay, and C/N above 0.9 (Table 4) . However, very good coefficient of determi− nation in the training datasets can produce over−fitted models that will perform badly on new datasets. In order to avoid this, MARS models were pruned by subsequent reduction of the number of terms. The final model is chosen by applying General− ized Cross Validation (GVC) on the pruned models (Figs 9-11 ). The error of the pruned models is expressed as standardized GVC and called GRSq (Figs 9-11 , left column). This measure is analogous to RSq (R 2 ) and should be an indicator of how good the model will perform on new data (Milborrow 2014) . The idea behind this is, that less complex models (models with less terms) should be more general and so perform better on new data than models that achieve a better fit to the training dataset by adding more terms. Interpretation of the model graphs can be consulted in Milborrow (2014). GRSq for our models ranged from 0.20 (Derivate pigments) to 0.90 (C/N). However, the models generally failed to extrapolate to areas outside the environmental envelope of the training dataset.
In general there is great congruence of randomForest and MARS models and results are meaningful in an oceanographic context. Model performance compari− son between MARS and randomForest was additionally tested by building the sum of the percentage of sand, clay and silt on the prediction dataset (Fig. 6A-D) . Each of these 3 models was calculated independently, but in a real world scenario these values should add up to 100%. It is evident in Table 5 , that randomForest outper− forms MARS in this test, displaying a mean value of 100 and a small standard de− viation of 1.47, versus mean = 280.57, SD = 1623.3 in MARS. Median values are however similarly good in both approaches, but MARS showed much greater un− der and overestimation of values (see Min, Max).
In the areas outside the environmental envelope of the training dataset, regres− sion splines tend to greatly over− and underestimate the values. RandomForest however seems to be more robust against it probably because of the non−linear na− ture of the models and the bagging step in producing the models. This is evidenced in the current exercise with variables representing a percentage value like sand, silt, and clay, which of course cannot be negative or over 100% at any site. MARS predicted for instance that the sum of these three variables values ranged between −79% and 148448% (Table 5) , while randomForest predictions ranged from 92.58% to 106.10%.
Conclusion
Our study shows that 28 datapoints were able to produce acceptable predic− tions on a larger spatial scale.
While all layers presented here will be available at the online repository PANGAEA, we recommend to use the randomForest layers as predictors in fur− ther studies only. A corrected set of randomForest prediction layers in which sand, silt and clay values add up to 1 were made additionally available (PANGAEA: http://doi.org/10.1594/PANGAEA.833704). Although predictions show mean− ingful results, the models presented herein were calculated using a relatively small training dataset. We recommend the use of these layers as relative values at re− gional geographic scales only. However, the modeling output could be improved by more sampling in the shallow areas, along further ridge systems (e.g. Reykjanes Ridge, Kolbeinsey Ridge) as well as in abyssal areas north and south of the GSR.
